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Abstract. The COVID-19 global pandemic has forced the education process worldwide to change its form to 
distance learning. This empirical study contributes to recently limited knowledge about the remote learning 
process. The study aimed to determine how academic self-efficacy is related to subjective cognitive load to 
predict achievement results in different forms of distance learning. The research method used was a quasi-
experimental pilot study. The research questions were: (1) What is the relationship between academic self-
efficacy, subjective cognitive load, and achievement results in teacher-directed distance learning? (2) What is the 
relationship between academic self-efficacy, subjective cognitive load, and achievement in student-directed 
distance learning? (3) What is the difference between teacher-directed and student self-directed distance 
learning settings regarding relationships between academic self-efficacy, subjective cognitive load, and 
achievement results? The measurement of academic self-efficacy and subjective cognitive load in the context of 
task assessment results were compared in different distance learning settings in two independent groups of 9th 
graders. The results suggest a significant relationship between subjective cognitive load and achievement results 
in student self-directed but non-significant between all variables in teacher-directed distance learning settings. 
In contrast, settings themselves demonstrated no influence on any measured factors. 
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 The pandemic caused by the COVID-19 virus has forced schools worldwide to change 
their form of education. According to UNESCO (United Nations Educational, Scientific and 
Cultural Organization), more than 1.2 billion learners in 186 countries switch to distance 
learning (Li & Lalani, 2020). On November 12, 2020, the Latvia Education Law Amendment 
came into force defining that distance learning becomes “a part of the full-time education 
process” (Education Law Amendment, 2020, article 1.1.). The OECD meta-analysis study 
indicates that there is currently a lack of sufficient research worldwide on the impact of 
technology on the learning process (Gottschalk, 2019). Due to the changes that COVID-19 
has forced, it is fundamental to study and understand the impact of psychological aspects in 
distance learning. 
 The study aims to determine the relationship between academic self-efficacy and 
subjective cognitive load in the prediction of achievement results in different forms of 
distance learning. The research method used was a quasi-experimental pilot study. This paper 
examines the relationship between academic self-efficacy, subjective cognitive load and 
achievement results in teacher-directed and student self-directed distance learning settings. 
The specific objective of this study was to investigate whether relationships in these two 
instructional settings differentiate. The study sought to answer the following specific research 
questions: (1) What is the relationship between academic self-efficacy, subjective cognitive 
load, and achievement results in teacher-directed distance learning? (2) What is the 





results in student self-directed distance learning? (3) What is the difference between teacher-
directed and student self-directed distance learning settings according to relationships 




 Digital technology and the World Wide Web have changed the way people learn and 
acquire new information. Recently, education underwent enormous changes due to the impact 
of changing habits in contemporary communication driven by digital technology (Griskevica, 
2018, 2020; Hooft, 2018; Howe & Strauss, 2000). As a result of intelligent device functions 
development, learning materials can be accessed anywhere, anytime. However, scientists 
debate how such easy and fast access to a wide range of information affects people's ability to 
learn (Lodge & Harrison, 2019). Although many published studies describe the relationship 
between cognitive abilities and education (Griskevica, 2016, 2017; Liou & Bulut, 2020; 
Sternberg, 2020), it has been suggested that cognitive functions in the digital environment 
interact differently with learning processes than in the traditional general environment 
(Lodge, Kennedy, & Lockyer, 2016; Lodge & Horvath, 2017; Martin, Sun, & Westine, 2020; 
Pigott & Polanin, 2020; Sahni et al., 2021). It has been reported that the digital environment 
can increase the cognitive load and inhibit learniing. The studies show that the flow of 
information in cyberspace attention and memory processes impact differently than in physical 
space (Firth et al., 2019; Palghat, Horvath, & Lodge, 2017).  Due to the COVID-19 pandemic 
sudden introduction of distance education into the general learning process, it has become one 
of the unique challenges for all its participants. Some investigators have named it a 
"spontaneous experiment" because the urgent implementation of the digital learning forms 
was required in the ongoing education process, while research findings of the impact of the 
digital environment on learning are still unclear (Zavizion et al., 2020, p. 4). Factors 
influencing the learning process, such as teacher-directed and student self-directed distance 
learning settings, are considered more important than the digital environment (Kümmel, 
Moskaliuk, Cress, & Kimmerle, 2020). The authors identify two orientations in the 
exploration of education-learning settings: individual and social in the context of which the 
teacher-directed and student self-directed distance-learning settings can be understood. 
Studies with an individual orientation explore individual learners mental representations and 
knowledge acquisition in digital learning environments. Studies with a social orientation, 
explore learners’ participation in the social system and application of the learning materials in 
collaboration. 
  The last decade has seen a growing trend towards investigation the influence of 
academic self-efficacy on student achievements in remote learning settings (Honicke & 
Broadbent, 2016; Huang, 2012; Yukuselturk & Bulut, 2007; Joo, Lim, & Kim, 2013). Since 
the term self-efficacy was reported in social learning theory, it indicates a function of self-
regulation that can influence a person’s behavioural and cognitive processes (Bandura, 1991, 
2001). Although meta-analysis demonstrates that self-efficacy is related to academic 
performance in the long term (Talsma, Schüza, Schwarzerc, & Norrisa, 2018), the results are 
not unambiguous, and correlation has not been determined between these entities (Bouffard & 
Couture, 2003; Crippen, Biesinger, Muis, & Orgill, 2009; Harackiewicz, Barron, Carter, 
Lehto, & Elliot, 1997; Yusuf, 2011; Wahabi, 2009). Questions have been raised alongside the 
necessity to clarify the relationship between academic performance and academic self-
efficacy in the context of different distance learning settings (Cho & Shen, 2013; Yokoyama, 
2019; Wilde & Hsu, 2019). 
 Regarding cognitive processes, investigations demonstrate that higher levels of 





goal (Bandura, 1994, 1998; Bouffard & Bouchard, 2005). Since the reported theory of the 
subjective cognitive load (Sweller, 1993, 1998), recent evidence suggests that academic self-
efficacy and subjective cognitive load could exist a straight correlation within the academic 
environment (Vasile, Marhan, Singer, & Stoicescu, 2011; Huang & Mayer, 2019). Several 
researchers have recognized that cognitive loads are among the most influential factors with a 
critical role in distance learning outcomes (Curum, & Khedo, 2020; Stiller & Bachmaier, 
2018). The Cognitive Load Theory states that instructional methods are essential to decrease 
extraneous cognitive load so that available cognitive resources can be entirely devoted to 
learning (De Jong, 2010; Chandler & Sweller, 1992; Sweller, 2005). Cognitive overload is 
understood in terms of how information is processed during learning and relates to the amount 
of information that working memory can hold at one time. A review of performed studies on 
the relationship between self-efficacy and academic performance in online learning states the 
fact that there are extremely little published data about their influence on cognitive processes 
(Curum & Khedo, 2020; Yokoyama, 2019). Although studies demonstrate that cognitive 
overload lowers educational performance, few published studies have examined the 
consequences of cognitive overload in distance learning settings (Alyushin & Kolobashkina, 
2019; Mierlo, Jarodzka, Kirschner, Kirschner, & Kirschner, 2014; Sweller, Van Merrienboer, 
& Paas, 2019). These findings suggest that more exploration of human collaboration influence 
the learning process in e-learning is needed (Baum & McPherson, 2019; MacKenzie, 2019; 





 In the study, academic self-efficacy was measured by an adapted version of the 
General Self-Efficacy Scale (Schwarzer & Jerusalem, 1995; Bulina, 2009), which was 
modified for the academic field dimension (Cronbach's α is .81). The modification and 
adaptation of the scale for academic self-efficacy measurement were performed according to 
the authors' recommendation (Schwarzer, 2014). The scale is one-dimensional and consists of 
ten statements with four possible answers on a curved scale for each. There are ten statements 
in each: The respondent's task is to give his / her assessment on a 4 point Likert-type scale of 
the extent to which he/she agrees with each of the statements from 1 (strongly disagree) to 4  
(strongly agree). Scoring sums up all ten items to generate the final composite score from 10 
to 40. The designed scale is for adults and adolescents from the age of 14. The scale is used 
and adapted in 32 languages (Schwarzer, 2014). It aims to determine how an individual 
perceives self-perceived self-efficacy in coping with daily difficulties to persevere, engage in 
challenging and complex situations, and successfully recover from failures to achieve their 
goals (Schwarzer & Hallum, 2008). 
 Subjective cognitive load was measured by the Subjective Cognitive Load 
Measurement scale (Paas et al., 2003; 2010). On a curved scale from 1 to 9, the scale assesses 
how high the cognitive load was perceived during the task: 1 (very, very low mental strain) up 
to 9 (very, very high mental strain). The scale proves to be a reliable and valid estimator 
(Ayres, 2006) of overall cognitive load. The scale's design does not interfere with the learning 
process (Paas, Ayres, & Pachman, 2008).  
 Achievement was assessed according to the English language achievement test 
elaborated by the teacher according to the learning curriculum of the 9th grade. The test was 
developed from the task samples of the state examinations on the National Center for the 
Education Republic of Latvia website (National Center for the Education Republic of Latvia, 
2020). All together test consisted of four tasks from which two focused on reading skills and 





poor) to 10 (excellent), while in case of failure to complete the test, the students received NV 
(no rating).  
Data collection procedure 
 The identical tasks and measurement procedures were performed simultaneously (90 
minutes) in different distance learning settings. The teacher-directed distance learning settings 
were defined as when the teacher is present on the screen and interacts with students. The 
student self-directed distance learning settings were defined as ones where the teacher has 
prepared instructions and students work independently without teacher presence online. The 
procedure was performed in online settings, and the sequence of the study was the following: 
students completed the measurement of the modification of the General Self-Efficacy Scale 
for the academic dimension (Bulina, 2009; Schwarzer & Jerusalem, 1995; Swarzer, 2014), 
then tasks and tests of the current English language lesson, then Subjective Cognitive Load 
Measurement Scale (Paas et al., 2003; 2010; Paas, Ayres & Pachman, 2008), after the lesson 
the teacher evaluated achievement results. 
Methods of analysis 
 Multiple linear regression was carried out to investigate the relationship between 
academic self-efficacy (scale 10-40), achievement results (scale 1-10) and cognitive load 
(scale 1-9). The R-squared (R2) equation was used to evaluate the model fit. To report each 
predictor's slope of influence, the standardised coefficient Beta-coefficient () was calculated 
with a statistical significance p-value. The individual predictors were examined with Student t 
criteria with statistical significance p-value as predictors in the model. The scatterplot of 
standardised predicted residuals showed that the data met the homogeneity assumptions of 
variance and linearity. The residuals were approximately normally distributed. Empirical data 
statistically analyses were performed with SPSS (Statistical Package for the Social Science v. 
26.0). 
The study sample 
 The proximity principle made sampling. Participants came from the same educational 
establishment and were randomly divided into two independent groups (Group 1, n =30, male 
50% and Group 2, n =30, male 50%) aged from 15 to 16 (M = 15.02, SD = .05). The two 




 In order to answer the first research question, a multi-factor linear regression was used 
to predict achievement results based on their academic self-efficacy and subjective cognitive 
load in teacher-directed distance learning settings. A non-significant regression equation was 
found F(2, 27) = 1.600, p < .221, with an R2 of .106. The individual predictors were examined 
further and indicated that cognitive load (t = -.224, p = .825) and self-efficacy (t = -1.695, p = 
.102) were nonsignificant  predictors in the model. It means that by increasing the subjective 
cognitive load and academic self-efficacy by one unit, the achievement assessment decreases 
non-significantly. This means that academic self-efficacy and subjective cognitive load did 
not influence achievement results. Values of Beta-coefficients () and their statistical 






Table 1 Indicators of the contribution of academic self-efficacy and subjective cognitive 
load in predicting the achievement results in the regression model for teacher-directed 
distance learning settings   
 
Factors Beta -coefficients () Significance  (p) 
Academic self-efficacy .024 .825 
Subjective cognitive load -.251 .102 
Significance level p≤ .05 *, p≤ .01 ** 
  
In order to answer the second research question, a multiple linear regression was used to 
predict achievement results based on their academic self-efficacy and subjective cognitive 
load in student self-directed distance learning settings. Here a  significant regression equation 
was found with subjective cognitive load F(2, 27) = 4.363, p < .023, with an R2 of .244. The 
individual predictors were examined further and indicated that just a cognitive load (t = -
2.314, p = .029) was a significant predictor in the model. It can be seen from the data in Table 
2 that by increasing the subjective cognitive load by one unit, the achievement results on 
average will decrease by .472. This means that 24% of achievement results are influenced by 
subjective cognitive load. 
 
Table 2 Indicators of the contribution of academic self-efficacy and subjective cognitive 
load in predicting the achievement results in the regression model for student self-directed 
distance learning settings   
 
Factors Beta-coefficients () Significance (p) 
Academic self-efficacy .028 .353 
Subjective cognitive load -.472  .029* 
Significance level p≤ .05 *, p≤ .01 ** 
 
 In order to answer the third research question, a multiple linear regression was used to 
predict achievement results based on a different type of distance learning settings. After 
adjustment of academic self-efficacy and subjective cognitive load by changing various 
distance learning settings, results did not show statistically significant differences in 
achievement results p > .05. The group factor demonstrated no statistically significant 
influence on achievement results, not on academic self-efficacy and subjective cognitive load. 
The mean values of each measured factor are displayed in Table 3.   
 
Table 3 Mean values of the academic self-efficacy, subjective cognitive load and 
achievement results for students in both distance learning settings 
 
Factors Distance learning settings 
Group 1 
(n = 30) 
 Group 2 
 (n = 30) 
Together 
 (N = 60) 
Academic self-efficacy 30.17 30.60 30.38 
Subjective cognitive load 5.07 4.73 4.90 
Achievement results 6.67 6.50 6.58 
Significantce level p≤ .05 *, p≤ .01 ** 
 
In summary, these results suggest a significant relationship between subjective 





variables in teacher-directed distance learning settings. In contrast, settings themselves 




 This study set out to assess the importance of a science-based approach to distance 
learning and clarify how motivational and cognitive aspects may interplay in this learning 
environment. Surprisingly, no differences were found between teacher and student self-
directed remote learning settings in mean values of academic self-efficacy, cognitive load and 
achievement assessment measures. Meanwhile, the study results indicated that in student self-
directed distance learning settings, subjective cognitive load impacted the achievement of 
assessment results. Contrary to expectations, this study did not find a significant difference 
between self-efficacy and achievement results in both distance learning settings. 
 Although cognitive loads are recognized as an essential part of distance learning 
(Stiller & Bachmaier, 2018), there is still little information about its relationship to self-
efficacy (Yokoyama, 2019). Contrary to expectations based on some published research 
(Talsma et al., 2018; Huang & Mayer, 2019), this study did not find a significant relationship 
between academic self-efficacy and achievement results. These results agree with the findings 
of other studies, in which the relationship between academic self-efficacy and performance 
was questioned or even not found (Crippen et al., 2009; Cho & Shen, 2013; Wilde & Hsu, 
2019). A possible explanation for this might lie in the difference between learning and 
performance goals.  It is reported that this contrast exists between the goals of the effort and 
the evaluation of the achievement process by itself (Bouffard & Bouchard, 2005). These 
results agree with the findings of other studies that demonstrate strong evidence of unclear 
correlations between perceived competence and achievement goals in school settings 
(Bouffard & Couture, 2003; Harackiewicz, et al., 1997). These results support the idea that 
self-efficacy has an indirect effect on achievement motivation and self-learning strategies in 
academic accomplishments (Yusuf, 2011; Wahabi, 2009). 
 The current study does not support findings that postulate a forthright correlation 
between academic self-efficacy and cognitive load in the learning environment (Vasile et al., 
2011). This study confirms that subjective cognitive load is mainly associated with the 
achievement of educational goals in the contexts of distance learning (Zhampeissova et al., 
2020). The cognitive load has been recognised as a significant factor that influences 
achievement results in the digital environment learning processes (Al-Hunaiyyan et al., 2017). 
This study's observed results could be attributed to the idea that educational programs in a 
remote learning environment are more effective if the cognitive load is optimal (Curum & 
Khedo, 2020). According to recent reports, inadequately designed educational content 
exceeding possible for perception elements can lead to overload and poor achievement results 
(Alyushin & Kolobashkina, 2019; Sweller et al., 2019). The evidence from this study suggests 
that subjective cognitive load has more impact on performance in such distance learning 
settings where there is no direct teacher guidance. These results are consistent with those 
aptitude-treatment interaction studies, which suggest that in particular circumstances teacher-
directed instruction reveals advantages (Chen &Chen, 2018; MacKenzie, 2019; Martin et al., 
2020). Some of these findings demonstrate that in distance learning settings, specifically 
students with lower reasoning ability benefit from the teacher-directed instructions  (Sahni et 
al., 2021; Zhampeissova et al., 2020; Ziegler et al., 2020).  
 Summarising this study has identified the differences in two web-based tutoring 
versions of instructions. These findings should improve predictions of the impact of the 
training task's design form on the distance learning settings' learning process. Further studies, 





research of the larger sample on this topic needs to be conducted before the association 
between self-efficacy, subjective cognitive load, achievement results, and distance learning 




 This study set out to assess the effects of different distance learning conditions on how 
knowledge is acquired. The present study was designed to determine the relationships 
between self-efficacy, subjective cognitive load and the achievement results in remote 
learning settings. During this quasi-experimental pilot study the identical tests were given to 
two randomly divided groups in two distance-learning settings where one performed tasks 
under the own guidance, but the other under the guidance of a teacher.   
 This study has found that generally, there were no significant differences between these 
two groups in measurements of self-efficacy, subjective cognitive load and achievement 
results. In teacher-directed distance learning conditions, investigations did not find 
significant relationships between the studied variables. While interestingly, multiple 
regression analysis revealed that the cognitive load was a significant predictor in the student 
self-directed learning settings. The tendency showed that by increasing the subjective 
cognitive load in student self-directed learning settings, the assessment results would 
decrease. 
 An implication of this is the possibility that students in self-directed distance learning 
settings may perceive the tasks more difficult than in teacher-directed settings. These data 
suggest that the perception of the cognitive load has significant implications on the 
achievement results and in this respect, the role of teacher presence or non-presence may be 
critical. Surprisingly this study could not state any contribution of academic self-efficacy on 
subjective cognitive load and achievement. These results offer a framework for further 
exploration of the role of perceived self-efficacy in learning. If the subjective cognitive load 
is more connected with persistence, self-efficacy is more consentient with social learning 
skills. This study highlights the meaning of motivation over self-perception factors in the 
learning process. 
 Overall being limited to a pilot study with a small sample, the study only aimed to look 
at the distance learning conditions. The present study's key strength was the quasi-
experimental condition imposed by Covid-19, making the design possible. Returning to the 
question posed at the beginning of this study, it is now possible to state that academic self-
efficacy by changing various distance learning forms does not significantly impact 
achievement results. Still, the question raised by this study is how subjective cognitive load 
displays in different distance learning settings and that more exploration of human 
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